Current multivariate control charts for monitoring large scale industrial processes are typically based on latent variable models, such as principal component analysis (PCA) or its dynamic counterpart when variables present auto-correlation (DPCA). In fact, it is usually considered that, under such conditions, DPCA is capable to effectively deal with both the cross-and auto-correlated nature of data. However, it can easily be verified that the resulting monitoring statistics (T 2 and Q, also referred by SPE) still present significant auto-correlation. To handle this issue, a set of multivariate statistics based on DPCA and on the generation of decorrelated residuals were developed, that present low auto-correlation levels, and therefore are better positioned to implement SPC in a more consistent and stable way (DPCA-DR). The monitoring performance of these statistics was compared with that from other alternative methodologies for the well-known
Introduction
Current chemical process industries strive to improve the operation standards of their processes and quality levels of their products, with the central goal of reducing the variability of the main quality features around their target value [1] . Statistical Process Control (SPC) provides a toolbox for conducting such activities, where control charts have a particularly important role (so much so, that quite often the two designations, SPC and control charts, are used interchangeably). The goal of control charts is to provide a simple and objective way to monitor the process variability over time, in order to verify, at each instant, whether it remains "normal", i.e., in a state of statistical control, or whether a special cause of variation has occurred, driving it to an out of statistical control state [1, 2] . The state of statistical control is essentially characterized by process variables remaining close to their desired or average levels, affected only by common causes of variation, i.e., variation sources affecting the process all time and that are essentially unavoidable within the process normal operation conditions [1] .
In these context, several SPC charts were developed for univariate processes, such as the classical Shewhart's control charts [1] , CUSUM [3] and EWMA [4] , and then, for multivariate (Hotelling's T 2 control chart [5] , MCUSUM [6] , MEWMA [7] ) and megavariate (PCA-SPC, [8] [9] [10] ) systems, as data and computational power becomes increasingly available. The PCA-SPC control chart, is based on a latent variables model (Principal Component Analysis, PCA), whose ability to deal with a large number of highly correlated variables is well known. It uses two complementary monitoring statistics, one of them for monitoring the variability within the PCA subspace (the Hotelling's T 2 applied to the first p latent variables, p being the process pseudo-rank)
while the other follows the variability around such subspace, being a function of the projection residuals, usually referred as Q or square predicted error, SPE.
However, as for all the previous methodologies, PCA-SPC tacitly assumes that the underlying data generation process is i.i.d., meaning in particular that the process mean vector is constant over time, therefore excluding any auto-correlated or non-stationary behaviour. This is currently a serious limitation, which strongly hinders the practical application of approaches based upon the i.i.d. assumption, due to the mass, energy and In order to handle this issue, Rato and Reis [9] recently studied several combinations of approaches to deal with data correlation and autocorrelation, including DPCA, PLS, Time Series modelling and decorrelated residuals based on missing data imputation techniques, in a total of 22 monitoring statistics, most of them being new. From this screening study, a combination of DPCA and decorrelated residuals based on missing data imputation (DPCA-DR) stand out by their potential for dealing with data cross-and auto-correlation, and the lower levels of auto-correlation in the monitoring statistics, implying that the dynamical behavior is being properly described and incorporated in the methods' model structure. Furthermore, for the systems studied, these methods have also shown better monitoring performances when compared to their current counterparts. After such screening and characterization work, and given the good performances achieved as well as the stable monitoring behaviour of the DPCA-DR statistics, it is now both important and opportune to test in a large-scale benchmark data set, in order to consolidate the preliminary results obtained in an independently generated data set. The case study selected is the Tennessee Eastman process [12] . This case study is a widely adopted and cited benchmark in Multivariate Statistical Process
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Control and Fault Detection and Diagnosis, and therefore is especially suitable to test the proposed approach and to make our results comparable with those obtained from other methodologies proposed.
The rest of this article is organized as follows. In the next section, we describe the current multivariate statistics and latent variable models used in this study (PCA, and DPCA) as well as our proposed method (DPCA-DR). Next, we present and discuss the results obtained from their application to the Tennessee Eastman benchmark process,
after properly defining the criteria that provide the basis for comparison. Finally, we summarize the contributions presented in this paper and present the main conclusions.
MethodsEquation Chapter (Next) Section 1
In this section, we briefly revise the main control chart procedures used currently for performing SPC on multivariate and megavariate processes. These methods will be used as reference against which our methodology based on DPCA-DR will be compared. We also present the new statistics based on this procedure.
Multivariate statistical process control
The [2, 12] .
When the in-control mean vector μ and the covariance matrix Σ are unknown, they can be estimated from a sample of n past multivariate observations, using the usual well-known unbiased estimators of these population parameters, namely the sample mean and the sample covariance matrix [2] :
In this case, when new multivariate observations are obtained, the Hotelling's 2 T statistic is given by [2, 12, 14] ,
whose control chart has now the following upper control limit (UCL) [2, [14] [15] [16] :
where,
,, m n m F   is the upper  percentile of the F distribution with m and n -m degrees of freedom. This chart is just a representative (perhaps the simplest and most well-known) of the charts that can be applied to multivariate systems of limited size (order of a dozen or less) and without strong problems of collinearity, otherwise the inversion of the covariance matrix would be highly unstable or even impossible in case of full redundancy or rank deficiency. For large scale systems, the control charts presented in the next section offer a more stable and effective solution.
Megavariate statistical process control
When the number of measured variables (m) becomes large (order of several dozens or higher), alternative approaches must be used, mostly due to the problems raised by the inversion of the covariance matrix in the Mahalanobis distance computation. A common solution for dealing whit this issue consists of using a latent variable modelling framework, developed for these types of processes, whose parameters can be estimated with simple and stable methods. Examples of such models are principal component analysis (PCA) [12] and partial least squares (PLS) [16] , the former for problems involving a single block of variables and the latter for those where two blocks of variables need to be explicitly and simultaneously handled. t  px with maximum variance subject to 1 2 1  p . The second PC, is the linear combination defined by T 22 t  px with maximum variance subject to 2 2 1  p , and to the condition that it must be uncorrelated with (orthogonal to) the first PC ( 1 t ). Additional PCs are similarly defined, decomposing the entire observation matrix, nm  X , as [12, 14] :
where, After applying the PCA decomposition to a reference data set, a Hotelling's 2 T statistic for future observations can be obtained from the first p PCs by,
Where p Λ is a diagonal matrix with the first p eigenvalues in the main diagonal and t i is the new score for the i th PC.
The upper control limit (UCL) of 2 PCA T statistic is given by [11, 17] :
where ,, p n p F (9) where x is the projection of a given observation onto the PCA subspace. This statistic is usually quite useful as it is sensitive to special events that cause the data to move away from the PCA subspace where normal operation data is mostly concentrated. The UCL for this statistic is given by [9] , 
and p is the number of retained principal components; c  is the standard normal variable corresponding to the upper 1   percentile.
Megavariate statistical process control of dynamic processes
Ku et al. [11] showed that a linear time series relationship can be described by a conventional PCA model, through an implicit multivariate autoregressive model (VAR; processes containing moving average terms can also be approximated by finite VAR models). This is achieved by the additional inclusion of time-shifted versions of the original variables, as follows:
Where i represents an arbitrary sampling instant, l is the number of lags (or time-shifts) to be considered and
x is the resulting augmented vector of variables for the instant i.
The augmented matrix is obtained by the straightforward superposition of these lines of augmented observations,
x . Then, PCA is applied over such augmented matrix, providing a description of not only the (static) cross-correlations among variables but their auto-correlations and lagged cross-correlations, due to the additional incorporation of time-shifted variables. Furthermore, by properly choosing the number of lags to include, l , both the static and dynamic relations should appear in the noise subspace composed corresponding to the PCs with small variance [11] .
Megavariate statistical process control of dynamic processes: the

DPCA-DR approach
The introduction of time-shifted variables on DPCA has the purpose of describing the autocorrelation and lagged cross-correlations present in data, besides the crosscorrelation features. However, looking to the behaviour of the resulting DPCA T 2 and Q statistics, one can verify that they, in fact, still present autocorrelation, and the underlying problem of removing it from the monitoring statistics, so that they can be handled with simple charts based on the i.i.d. assumption, was not properly solved yet.
In order to mitigate this issue, Rato and Reis [9] have recently proposed a new methodology that combines a DPCA model and decorrelated residuals obtained from a conditional data imputation technique, in order to obtain better time-decorrelated statistics, in a simple way, within the same modelling approach, without the need to resource on further time-series modelling in order to compensate for the remaining dynamic patterns of the statistics. The underlying reasoning is the following. In DPCA, a matrix with current and past measurements is build. At each new incoming observation, i, a new observed score and projection can be computed. If one assumes that the current multivariate observation vector is missing, the associated values for the current scores and projections can still be estimated from past data using a conditional missing data imputation technique for PCA (in this case, DPCA). This essentially amounts to perform a one-step-ahead prediction of the scores and observations, obtained with an implicit latent variable VAR model estimated by DPCA. We have verified that
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10 the residuals obtained from the differences between the observed and estimated scores and projections are almost serially decorrelated, meaning that such residuals are ready to be monitored by simple control charting procedures. The conditional data imputation method chosen was the conditional mean replacement [18, 19] . In this method, a measurement vector with missing data is rearranged, without loss of generality, as follows,
where # x denotes the missing measurements and  x the observed ones. Correspondingly, the P matrix is also partitioned as 
which will then be used to update the model (maximization stage), and so forth, until a convergence criteria regarding the change on the successive solutions, is met. In our case, we assume that a PCA model is already available (the DPCA model built from reference data), and therefore, only the expectation step of the EM algorithm is required, in order to calculate the estimates for the missing measurements. (16) Using this expression for S , the conditional expectation of the missing measurements is simply given by [18]  
The estimated measurements can then be used in the score calculations along with the observed data, as if no measurements were missing. For PCA this leads to [18] A C C E P T E D M A N U S C R I P T × (m -p) ) matrix of zeros.
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The same approach can be applied to DPCA for generating decorrelated residuals. In this case, we consider that the current variables, T i x in Equation (13) are unknown. Therefore, the application of this methodology will give us an estimate of the scores that best agree with the last l known measurements. Given such estimated scores, we have defined the following Hotelling's T 2 statistic: Table 1 [20, 24] . In the current study we have conducted our analysis with the data set used by Russell et al. [25] (available at http://web.mit.edu/braatzgroup), where the Tennessee Eastman process is controlled with the approach suggested by Lyman and Georgakis [24] . Each data set contains 960
t -t S t -t
observations collected at a sample interval of 3 min and the faults were introduced 8 hours after the simulations start. All the manipulated and measurement variables, except the agitation speed of the reactor's stirrer (which is always constant), were collected, giving a total of 52 variables. Step IDV (4) Reactor cooling water inlet temperature
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Step IDV (5) Condenser cooling water inlet temperature Step IDV (6) A feed loss (Stream 1)
Step IDV (7) C header pressure loss -reduced availability (Stream 4)
Step IDV (8) A A data set with no faults, representing normal operation conditions was used to estimate the reference PCA, DPCA and DPCA-DR models. The number of principal components for PCA and DPCA was determined by parallel analysis and the number of lags was selected by the approach proposed by Ku et. al [11] . Using these methods we constructed a PCA model with 17 PCs and a DPCA model with 3 lags and 29 PCs.
These results are in good accordance with those obtained by Russell et al. [20] . For selecting the number of lags for the DPCA-DR model we have used the algorithm proposed by Rato and Reis [26] . This algorithm is based on a succession of singular value decomposition problems, and subsequent analyses of an auxiliary function from which the lags for each variable can be set. We would like to point out that the direct use of the theoretical significance levels for establishing the statistical control limits for the various methods may lead to widely different observed false alarm rates, which distorts any comparison study on the methods detection performances. This undesirable effect can be removed by manipulating the theoretical significance level of the control limits in such a way that the effectively observed performance for all methods under normal operations conditions (i.e., their false alarm rate), becomes equal. Only in such condition can all the methods be properly compared with future test data. Therefore, the UCL for the various methods were set to a false alarm rate of 1% under normal operation conditions, by trial and error, on a second data set with no faults. With this preliminary but important procedure concluded, the fault detection rates for all the methods regarding each fault were finally determined. A summary of the results obtained is presented in Table 2 .
15 T achieved the best score. The lower capability for detecting these three specific faults was expected, as other methods reported in the literature (e.g.
PCA, DPCA and CVA) also fail to detect them [20] .
In order to better illustrate the monitoring behaviour of the methods under analysis, we In order to confirm the overall superiority of the DPCA-DR statistics in this case study,
we have conducted paired t-tests between all the statistics presented in Table 3 (as they were implemented over the same data sets, they are paired by design in the comparison study). The test statistic is given by
, where D is the sample average of the differences between two methods under analysis in the n different testing conditions,
and
D s is the sample standard deviation of these differences [27] . From this analysis it can be concluded that, with a 5% significance level, the DPCA-DR statistics are indeed significantly better than all the PCA and DPCA statistics. 
Another advantage of the DPCA-DR method is the lower autocorrelation levels of its statistics, where much of its success may lie, as this characteristic makes the DPCA-DR statistics more reliable and consistent with the type of control charts used to monitor them ( Figure 4 ). 
Conclusions
In this paper we have presented a methodology for conducting large-scale process monitoring of dynamical systems, called DPCA-DR, and compared its performance against other well-known methodologies used in the same application context, namely PCA and DPCA. The comparison study was conducted using the Tennessee Eastman benchmark process and all faults considered in its design. From the analysis of the results obtained, we can conclude that the DPCA-DR statistics were superior, in a statistically significant sense, to the other ones, achieving the highest detection scores in 19 out of the 21 faults.
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On the other hand, the DPCA-DR statistics also presented the lowest auto-correlation levels and were able to sustain the out-of-control signals during the whole faults duration, while PCA and DPCA statistics often return to their in-control regions leading to a false sense of normality. Consequently, the DPCA-DR statistics seems to be more effective, reliable and consistent regarding their counterparts tested in this study, features that make them a viable alternative to current monitoring statistics. A C C E P T E D M A N U S C R I P T
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Research Highlights  The recently proposed monitoring statistics based on Dynamic Principal Component Analysis and Missing Data imputation methods (DPCA-MD) are introduced and described.  The monitoring performance of these statistics was compared with those from other alternative methodologies, namely PCA and DPCA.  The system used in the comparison study is the well-known Tennessee Eastman process benchmark.  The results obtained demonstrate the potential of the proposed monitoring statistics as valid alternatives to the current ones, has they are quite simple to implement computationally and lead to significantly better results.
